). In details:
Time series clustering:
A hierarchical clustering approach is adopted to identify expression patterns from longitudinal molecular data. Paragraphs 1.A-1.C provide details on preprocessing, distance, and specific hierarchical clustering methods adopted in CIDER.
1.A Time series preprocessing:
time series are constrained between 0 and 1 by dividing each time series by its maximum value, in order to apply distances that require time series normalization (see step 1.B). Each replicate is normalized separately, to avoid penalizing replicates with lower tag per million (tpm) counts, and focus on shape patterns instead of magnitude levels. To reduce the impact of outliers in short time series, instead of averaging the replicates, they are concatenated obtaining longer time series (47 time-points for the MCF-7 time-courses).
1.B Time series distance:
to overcome known issues with correlation-based methods [2, 3] , as an appropriate distance for time series clustering, CIDER adopts the Euclidean-based Dynamic Time Warping (DTW) distance [4] , The application of DTW on transcriptomics time series profiling has been already demonstrated on microarray platforms [5] . DTW alignment is constrained to align time-points within each replicate, with a Sakoe-Chiba band of width 1 as global constraint [6] .
As a further refinement, we implemented in CIDER the Complexity Invariant (CID) correction for DTW (CIDDTW method), one of the latest installations of DTW, proposed as a generalization that accounts for signal complexity [7] . In details, the CIDDTW method introduces a correction term penalizing signals with low variability; the rationale is that for standard distance measures (Euclidean, correlation, non-corrected DTW) pairs of complex objects tend to be gauged further apart than pairs of simple objects, introducing errors in classification. The R package dtw [8] was extended to implement the CIDDTW, and the R package parallel used to parallelize the task on multiple processors. 
2.A Motif Enrichment:
The hierarchical clustering structure produced at step 1.C is used as starting point to perform a multi-level motif enrichment analysis. Each node in the cluster is tested for enriched motifs using the AME tool, part of the MEME software suite [10] with default parameters. The AME application is parallelized by using the GNU parallel utility [11] .
For the MCF-7 analysis, a total of 205 motif consensus matrices were downloaded from the Jaspar website [12] on November 2013, and processed according to the instructions provided at the MEME website to be compatible with AME input formats (Supplementary Data 
2.B Enrichment-based pruning:
The enrichment associations computed by AME on the MCF-7 data were pruned to retain only the most relevant associations between motif activity and expression patterns, by applying the criterion typically used in AME and other reference motif enrichment tools [17] [18] [19] . The association between a cluster and a motif was deemed significant if the Fisher test P value < 0.01 (absolute thresholding) [17, 18] , and greater than 
Comparison of CIDER and MARA results
We apply the CIDER analysis to the MCF-7 HRG time-course, which belongs to the Figure S5) . In particular, the overlapping modules regulated by the AP-1 complex ( Figure S5D ) and SRF ( Figure S5F ) have a statistically significant overlap between MARA and CIDER (Supplementary Table S2 ).
Additional clusters enriched for SRF in the HRG time-course
A second cluster of 36 promoters (Cluster 3), characterized by an immediate expression pattern, was found enriched for SRF by CIDER in the HRG time-course (Supplementary Figure S6A) . The expression of Cluster 3 is consistent with the early peak phosphorylation dynamics of SRF ( Figure 2C ). 
